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Enhanced Multiview and Contrast Learning—based Graph Convolutional
Network for Hyperspectral Image Classification

LI Jicheng', PEI Laifan', LI Tiancong', WANG Chao®, CAI Zhihua'

(1. School of Computer Science , China University of Geosciences (Wuhan) , Wuhan 430078, China;
2. School of Computer and Artifcial Inteligence , Wuhan University of Engineering Science, Wuhan 430200, China)

Abstract: In order to solve the problem that the graph convolution network relies on local spatial relations in contrast learning and is difficult
to effectively mine the global supervision information of hyperspectral images, a graph convolution network EMCL-GCN based on enhanced
multi view and contrast learning is proposed and applied to hyperspectral image classification. In this method, firstly, the super pixel segmen-
tation algorithm is used to construct the super pixel graph structure; Secondly, an adaptive image enhancement method is designed to enhance
features from two dimensions of local space and global spectrum; Thirdly, a multi map collaborative attention fusion module is designed,
which combines spatial spectral prior knowledge to achieve feature fusion; Finally, the classifier is used to predict the test sample category.
The experimental results on Indian Pines and University of Pavia standard hyperspectral datasets show that the classification accuracy of EM-
CL-GCN is 1.10% and 0.94% higher than that of the best comparison method, respectively, and the classification result map is also closer to
the real label map than that of the comparison algorithm.
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Bz f R RE R, 32 JERESZ R . MRCAGCEN Al
AMGCFN 3 i CNN 1 GCN 73531 $7 HUf6 28 AR A5 3R AT
FEHEAT F I IG5, R T AR SRR SR TR A Y Bk
753 M 23 [ — G S e MR, o 2R VERE SR TH AN 68 (3
A Z T, 8 H 27 2] T ConGCN R JH 22 Wi X He it 2%
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Table 1 Comparison of classification accuracy of different algorithms

on Indian Pines dataset

*£ 1 ARE LT Indian Pines #8155 FH L ERILE

FEAVE B YIRS
el EMS- MRCAG EMCL-
Pk DL GoLoG AMGCFN ConGCN
CFN GCN
1 5 41 9512 100.00 100.00 9583  90.24  100.00
2 5 1423 6614 7295 61.14  59.67  91.81  90.88
3 5 825 7257 8373 8567 7158 9319  89.23
4 5 232 7715 6401 8384 9779  100.00 96.30
5 5 478 7975  79.97 6540 8424 9574  95.67
6 5 725 7686  92.03 9397 9381  97.83 9847
7 5 23 9673  90.00 100.00 100.00  86.94  87.37
8 5 473 9640 100.00 99.14  100.00 100.00 100.00
9 5 15 100.00 100.00 100.00  92.50  100.00  100.00
10 5 967 6465 76.83 7787 8583  83.14  89.28
11 5 2450 8150 58.84 6458 6577 8845 91.12
12 5 588 6743 9831 63.12 8507 7857  89.05
135 200 99.50 9822 99.74  100.00 100.00 100.00
14 5 1260 7611 9701 9979  70.63 9840  99.65
15 5 381 9409 98.09 9973 7659 9847  99.33
16 5 88  96.59 100.00 99.70  96.68  100.00 100.00
O0A/% 76.78  79.83 7811 7571  91.06  92.16
AA/% 8378 88.12 87.12  86.00  93.03  95.16
Kap-
e 73.81 7739 7538  72.84  89.98  92.52

R, EMCL-GCN 7E I Bdia 4 1 10 R B34
FRJ5 . BAKI S, 7E Indian Pines $0354E |, M8 T3
PR FE 10 X} B8 3 3% ConGCN, EMCL-GCN 7E OA | AA Al
Kappa |70 SR TF T 1.10% .2.13% F1 2.54% , ®3iF T HAE
2 JRFEIE SIS FEE AL A L AR # . 7F University of Pavia
ByE4E b A T R B B A A X IR 5 AMGCFN, EMCL-
GCN 7€ OA ., AA il Kappa I 23 5l #2 7+ T 0.94% . 1.54% i

Table 2 Comparison of classification accuracy of different algorithms
on University of Pavia dataset

£ 2 A EE LT University of Pavia HiE & FH S LKL R

FEA B R ITIE
Wk WK GoloG AMGCEN MRCAGCEN ConGCN MO
GCN GCN
I 5 6626 8047 9859 8160 9047  67.92 96.84
25 18644 83.03 9271 7665 7617 9564 85.12
35 2094 9326 9045 9220  99.05 9880 9473
4 5 3059 93.58 8450 9199 9457 9627 81.35
5 5 1240 9927 91.87 9798 10000  100.00 98.61
6 5 5024 8876 9142 9678  93.68  100.00 89.87
75 1325 99.67 10000 98.11 10000  99.92 100.00
8 5 3677 9122 8884 9477  99.14 8564 9211
9 5 942 9607 9287 9405 9836 8027 93.17
OA/% 8658 88.88 8893 8682 8852 89.87
AAI% 9173 9170 9202 9460 9224 93.74
Kappa/% 8285 8673 8565 8326  87.48 8820

2.55%, ™ T A AR50 AR 8 S0 B B A R R AE Rl A ) R b
o LL SR FEAMIEM T EMCL-GCN £E R AE $2 B, 19 55
A 77 i

R LR 7R 2 i S A A i 2o il AR A 2 AT L
B A6 J5 3 78 Indian Pines 1 University of Pavia 2% 4E I
2B, 25 3N 1 3 Fn sl 4 s, B A B SRR 2SI . E
HT GCN 5 ¥, EMS=GCN Hl GoLoG % FR T J5 & 25 [a]
KR, KRB RIA MG L, BN R R
Z Wi . MRCAGCFN Fl AMGCFN il i 42 Mg £ F g £
FRAE Bl 38 o JE RO, L 5 8 i 25 AR AT (H 8 51 5 AT
TG FE oy FI R, BE N R ARE A R . X HeeE 2 Uik
ConGCN [ ] MLALBCRAR FHEF GON I 7 ik 5 G & L FI
L2 0y m B, N B A EE T RE . MHLZ T, EM-
CL-GCN 1) 532 ] e 42 30 B SR 25 1, AR 300 < A A
T EMS-GCN Fl1 GoLoG , H:M 75 i ZE i /b, Jriik 1 Jy 3 A 42
Je R HE SR LA 1 ;M T MRCAGCFEN Al AMGCFN, Hii
B0 oy BORE B, AR T RRAE 3 5 R [ 3 A R Rl A ) AR e
PE s AHEE T ConGCN , Hii5 3 051 5 1 1] FH b 2 R AIG, UE B
TORRERG 5 S RLA X RO R TR . DL g AR i
—HHIESE T EMCL-GCN 7E $2 004 s 17 B T+ o 2k R
77 T A SO S R

B IE EMCL-GCN #E A Al 2 AR T 19 o 251
g, 2P0 4 1 0 R AS [R) B30 I bR e AR AR A T EL A 51
59 AN B SE bR AR 4 i E 5 . 10.15.20 .25
300, £ FIE o R BEAn & 5 s . T DR Y AR
ZINGFEART , i ik ¥ R0 R A R DS AE 124 30
MREARMBEE T, A s S im0 R . B
TR bR e AR B D, T 2k 1 P RE 2 3R
IS [ A B 1Y T L {H EMCL-GCN A 24 RE BUS A T Hofth 7
B R U T AR ICHEARAZETHNE
Rk
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Fig.3 Visual classification results on Indian Pines dataset
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Fig. 4 Visual classification results on University of Pavia dataset
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Fig.5 OAs of various methods under different numbers of labeled ex-
amples on Indian Pines and University of Pavia datasets
B 5 A E&E %7 Indian Pines 1 University of Pavia #{3E4& £ R Eil
GEREETHIERBE

Sk -

[1] LIS, SONG W, FANG L, et al. Deep learning for hyperspectral image
classification: an overview[]J]. IEEE Transactions on Geoscience and Re-
mote Sensing, 2019, 57(9): 6690-6709.

[2] MELGANI F, BRUZZONE L. Classification of hyperspectral remote sens-
ing images with support vector machines [J]. IEEE Transactions on Geo-

science and Remote Sensing, 2004, 42(8): 1778-1790.



172

BAE 5 A

2026 4

[5]

(6]

[12]

BELGIU M,DRAGUT L. Random forest in remote sensing: a review of ap-
plications and future directions[J]. ISPRS Journal of Photogrammetry and
Remote Sensing, 2016, 114: 24-31.
ZHONG Z, 11], LUO Z, et al. Spectral-spatial residual network for hy-
perspectral image classification: a 3-D deep learning framework [J].
IEEE Transactions on Geoscience and Remote Sensing, 2018, 56 (2):
847-858.
SHI C, LIAO D, ZHANG T, et al. Hyperspectral image classification
based on expansion convolution network[ J]. TEEE Transactions on Geosci-
ence and Remote Sensing, 2022, 60: 1-16.
WAN S, YANG J, GONG C. Advances of hyperspectral image classifica-
tion based on graph neural networks [J]. Acta Electronica Sinica, 2023,
51(6): 1687-1709.
T, Ak, R AT BAPE R % Bk B s £ )]
& F F4R, 2023, 51(6): 1687-1709.
WU G, AL-QANESS M A A, AL-ALIMI D, et al. Hyperspectral image
classification using graph convolutional network: a comprehensive review
[1l. Expert Systems with Applications, 2024, 257: 125106.
KHOSLA P, TETERWAK P, WANG C, et al. Supervised contrastive
learning [C]//Proceedings of the 34th International Conference on Neural
Information Processing Systems,2020:18661-18673.
WAN S, GONG C, ZHONG P, et al. Multiscale dynamic graph convolu-
tional network for hyperspectral image classification [J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2020, 58(5): 3162-3177.
HONG D, GAO L, YAO J, et al. Graph convolutional networks for hy-
perspectral image classification [J]. IEEE Transactions on Geoscience
and Remote Sensing, 2021, 59(7): 5966-5978.
LIU Q, DONG Y, ZHANG Y. A fast dynamic graph convolutional net-
work and CNN parallel network for hyperspectral image classification[ ] ].
IEEE Transactions on Geoscience and Remote Sensing, 2022, 60:
1-15.
GAO H,SHENG R, CHEN Z, et al. Multiscale random—shape convolution
and adaptive graph convolution fusion network for hyperspectral image

classification [J]. IEEE Transactions on Geoscience and Remote Sens-

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

ing, 2024, 62: 1-17.
YANG B, YE H,LI M, et al. GoLoG: global-to-local decoupling graph
network with joint optimization for hyperspectral image classification[J].
IEEE Transactions on Geoscience and Remote Sensing, 2023, 61:
1-14.
ZHOU H, LUO F, ZHUANG H, et al. Attention multihop graph and
multiscale convolutional fusion network for hyperspectral image classifica-
tion[J]. TEEE Transactions on Geoscience and Remote Sensing, 2023,
61: 1-14.
ZHANG H,Z0U J,ZHANG L. EMS-GCN: an end-to—end mixhop super-
pixel-based graph convolutional network for hyperspectral image classifi-
cation [J]. TEEE Transactions on Geoscience and Remote Sensing,
2022, 60: 1-16.
GUAN R, LIZ, TU W, et al. Contrastive multiview subspace clustering
of hyperspectral images based on graph convolutional networks[J]. TEEE
Transactions on Geoscience and Remote Sensing, 2024, 62: 1-14.
GUAN P, LAM E Y. Progressive self-supervised pretraining for hyper-
spectral image classification [J]. TEEE Transactions on Geoscience and
Remote Sensing, 2024, 62: 1-13.
HOU S, SHI H, CAO X, et al. Hyperspectral imagery classification
based on contrastive learning[]]. IEEE Transactions on Geoscience and
Remote Sensing, 2022, 60: 1-13.
YU W, WAN S, LI G, et al. Hyperspectral image classification with
contrastive graph convolutional network [J]. IEEE Transactions on Geo-
science and Remote Sensing, 2023, 61: 1-15.
CHANG Y, LIU Q, ZHANG Y, et al. Unsupervised multiview graph
contrastive feature learning for hyperspectral image classification [J].
IEEE Transactions on Geoscience and Remote Sensing, 2024, 62:
1-14.
ZHAO L, LUO W, LIAO Q, et al. Hyperspectral image classification
with contrastive self-supervised learning under limited labeled samples
[J]. IEEE Geoscience and Remote Sensing Letters, 2022, 19: 1-5.

(T AE s i TR



